arxiv:2509.14689v1 0 0O [

FoE R R R Bl B A T Al R

Vrunda N. Sukhadia, Shammur Absar Chowdhury

!Qatar Computing Research Institute, HBKU, Qatar

sukhadiavrunda@gmail.com, shchowdhury@hbku.edu.qa

Abstract

KRB B S BEATE PSR f, A
EATRERE R T TR A2 BREF TSR U2 A YIS FR 1
RN T HAmESS, EAPABTHLATE A 0
HINEHEEBA RS, BFEMEMHAAE a1
el kA H IR, AT T REBGE
HArnESS (HL) SSLBAY, FRFHR1H M40 8 H 4
2E R (HS, HST), fRE THRE TR aiE
RIE . FATT I ARRR I (i — 2D B 3
U B O, TR R A . FRAHERT i
ASR. #iiG NGRS (SER) #1757 551 (DID)
LIPS T HArESS, EBH AT HuBERT 1
XLS-R. HE/DEMIE, HArnESS 5t fEik 3] SOTA
BRI PR RE (B — P e g B R ) S B
BRI R. AOTEMN T HRGBIARI R E5 4,
PASCHRHR SR I o i) 7 S AT 9T S5 S
Index Terms: [ WNEAAL, 2400, JEMETTIR, B
PLAATE T 55

1. fir&

H 2] (SSL) il MR B Tehr i &
FEPURA ) WIER IR, AIRECE TR E AL B
XK SSLAAUTER T W WS R, [
FESZ IR RAT ST (1, 2, 3, 4, 5, 6] R
e AR . X B ] AV R SR AR BT
W] A A B AR R AT RO, AR BT R
Wt oL T PR THERE .

RN, SSL I F iz AL BE o HE MO T 11 2R
e ZFE ARG . 285 SSL &AL 4N XLS-
RI[7] FEARBTUOE 7 i R BUIL T B iE ML,
RS SE R BRI (8] VISR R B i

. BRI, 9] BRI A, B XLS-R X FERY
BRI 1) T A0 SE AL BRI SR8 F R i =, &)
AE-FEURMA R TE FHEREA . X RIUY
WO 22 18 5 A AL AT RE TC VR R T A 1 5 1 e
RE, TP & 1Y SSL AL AU W] B R A AU X —
FERER G

Bl R AN G T S TR AL B R T MR Bk
i, TR F 2R BTHA T 1 22
AMER, WL 20 AR IEEARI AR T S, F
2 B FAEFIVE T S HAWE 5 09 R 52 [10]. 5T
XFEF A, Rl A R ATETE S S
SSL F 2T B REAS A7 S5 P2 17 = A SRy
R, A OR B SR B 2 . BRARZ TR S
RAH R, (H A RE o ik oe 4= fE 4R P L F 75 75 & /Y
a0, DR L TR fiL -9 T SSL AR AL,
SR, YN ZRAER & 4 1 5 1 SSL AR AL 75 28
R IR . RABER AR ICEE DA K1Y
YGRS TA] , s R AR e B ELRHR 22 R 5 38 ok 10 v
DAL B o 388 i B IR R KBS T 7R 9 A2 IR
HH B R AT R

VRN E SO A R 40 R A B [ S PR A
HPEREM) BEROR o ZR IR — AT/ TSR
B (2%2E) AR BRI TS50 AR B 5 1) 00T
B A ] b T A A B A] T
2 WERALER . B TAE DistillHuBERT
[11], FitHuBERT [12], DPHuBERT [13], SKILL
[14] %845 [15, 16] CRHE S5 T KR FIHZE R A T
HuBERT [2].

TEXIFEH, FAIN 4 T T HuBERT #y
Pif abic andEnglishSelf-Supervised Speech (HAr-
nESS) B E AP AE T R S A
A5, LRI GRAE R B0 T A e T


https://arxiv.org/pdf/2509.14689v1
https://cenxiv.cn/cn-pdf/2509.14689v1

B bl BRI RLA R A S BT ISR,
HArnESS #ifR 734 s M7 5 22 a5 = 2%
P, SR BT A Y B PRAR %

HArnESS B AIAAC H 2715, B
1 HuBERT 24y, XMk e 2 Il gRak
AR F B T B f) S0 44 A MBS A R 4R T
REAIVERE . BT APz~ HAERAIIJL
UOEUH T 24 244821148 HAmESS-L, fR
FRHRZ M . TERE G YA, AR
TP R R A A BB, 42 HArmESS-S
(#JZ) M HAmESS-ST (¥JZH7%) Z44. 1k,
T RBA LR i HE (55, Bl PRA %k
IRIRELRS o

A1 W 45 T HArmESS-L. HArnESS-S Al
HArnESS-ST #B8AE T 55 LR, (45 A 50
EE P (ASR). Uil AEEGR (SER) Ry &
W5 (DID) o Ff It e 7 ix 2eA5i2 5 HuBERT-
large (3&i%) A1 XLS-R (ZiE7F) [7] BLATERE.

AmESS-Corge HAPESS-lorps
I isarertine P ireration

v
o Premrining usieg

R ; - o Prosraining using
7™ clusicred labels T hustered Labels
bt I .
i v
[ Encoder24 || ' | Encoder24  ke=====s---[k = romg
i T " f
Encoder 23 Encoder 23 i A
e TS
3 . E i
5 embestingf] . Smdenrd  Prytraiiing sk
] -
g Encoderd |
Encoder 2 [ Encoderz | 2| [Fentuced ik
v T Hp—————
| Encoder 1 ] [ Encoder1 ] £ :]ﬂ‘x‘“z

I H Encader |

.
1

= ==
| |

[ Extrt

B Lk @ik R g AR A HAmESS
R H Ak o

P, FATm K TRk e -

1. LA T HAmESS, X2 —A~PABTHRLATE A ol
1) H RS RS, 5 HAmESS-L (K
), HAmESS-S (¥%)2) #1 HArnESS-ST (¥
JZHLETH) B,

2. PRRBTHADBIAL 48 1N TR 25 18 1 154K B 2518

3. WFFE B R S X R AL R RE A 5

4. NP RGBT (HArmESS-S #1 HArnESS-

i

i

ST) HFWF5R. *

5. 7EM% (ASR). Vi Af5E (DID) MENES
(SER) 114 LRYEME HArnESS,

6. KATRMERHRE VLS Rt — e,

2. HArnESS Fi%y

Bl 1Mt T HArmESS I 2R B A, %4
HERAEIALT HuBERT %0 B 281807 V5
IG5 R A RaEA AT E—ik (i—1)
EARBBBL Y PR ZEAE R IEE 5 R N BB M
IR e AR B 2 > 5 BEATL 2 5 ) i 3 S B3k 26 Bl s
e, FERTUGEA T, FRATTOR B AR R ZE A DAY
SRR T RER S . AR = UOEATFLG, T4
S Z R (o) WIREE (d) DAIRTSHEH
MIZER s (b) WD TERE (enca) DASRAS HEHEAGASIZY
M (c) BARHER AR (attn), EAEBAER T
S
BRIk HArnESS B8 i 581 (CNN) FRIEFEI
FEFI Transformer ZgiSes2H % . 25+ HuBERT,
WavLM [1] #il Wav2Vec2.0 [17], CNN FFfik 42
EEE 7 EREERZ . Transformer Zifideg)2 |
HAMALERE enca, HHAA attn A~LEB 2k
HEE S (MHA) AV ERIBINZ (FEN) 4.
N H s FRATT FH 1S5 SRS 2R R A RIA S
YIZRE AR, XA 5% 20 0 2 FH T8 A5 i A0 {4
{1108
KEIGA FRATRR TR R BG40 50 DA
PEE SRR E . FRATTREE T LA E 4G
b, HA RO 3920 A A i B PG T

Ak, PAETEZIT IG5 I ASEEM 2 FE: . It
Gb, FAVERA T A der8piate i, i
MM Y — 2 2 R W iRk

Pk ZE AR TR AR K (B SR IR Fy i i 3 T
B, FIR&E—ZIIRARR, X8R A
IR TRBU P RS AN R IR . 2 R TR 25T
AR PRI, ATV M58 (PCA)
DA IEROT RS, H AR B B B S FRE
Fm. MTWAER, i =0, FAT@ESMEL

LR MR T R
PRATRIRER TN E R A, (HAR L2 .




iEERA @ PIRIMECC FRERAIIR LIS, IF
(o X LR AE AL AR DR 2

3. LR
3.1. BUIZREH

B 1R 2 Bl FRATHUH T AFFRIRHARE
MRS EEE, [ QASR([18], MGB3[19],
LibriSpeech[20], Common Voice ( i 1 F] $7 11
%) [21], GigaSpeech(22] &5, 2 T (R HA S0 ik
TR, FRMTAA TR E 15 AR EE %R 1
HNZ (A YouTube dii i) , 35 T 450007
H o mJr, WATHEFEHES) . SpecAugment
VS TG M R I P 2y R R P e A HR A, DA
IR THR B St . KR FRATTFEX L 28 T/
BT EFIZREEAY, B R HAT B F S 2
(B P 43 A1 LT~ Pl FATT ™ e HE B B 4R b AT
Al g WA & J e, DABH 1R A I 25T 4k 1 £
Pt @ B AR T FERTEAL o XTI k-3 (R
FAMEM T 23K /N 300 /14
AT 3 Bl FRAT F B H AR T K — A PART L
TAE R D RO FEXA BB, FRATA
QASR I ZRE A kST ~1,100 /Dl Fi[Hi 47
R AT RN ZE R . o TN TR P hr 2
i) k-means FAY, FEATFEHLAIEL T Tteration3 %k
PEry 30% (=300 /N, B ORA BRI R I £R
Fr— 2 iEE 2.

3.2. FUHHESE

B SSL ARy L EMN AT AT T
ZW5E, SUPERBI6] /ENTEAGE AR B, Uik
MNE EHEE 5555 % (E55 1 SSL A RH: i 5
Bt o SRT, BiTHLARTE TG & U AEAE IR A BR v
fREE . S TIHRNX —2 1, FATFIA T FTh A
SSL AL FE ML TAF, 78 KRBT 55 LVPAhi
fig: ASR H T ARSI, 775150 (DID) HTUdih
MNMEE, PABUETE NGRS (SER) M TRIES
IrHTe X ASR, FATHE QASR Bdai—/ Nl
T4 (300 /) B Harness B84, 7+4F MGB2
BT AT A MGB3 4R PPl %

% 1. Tt Sioddt £% 0. KE: KSU A%
BE.

B gk (VhiE) Ik (biE) USR] (7m)
9% £ 4 = 300 6.0 - [
MGB?2 - - 9.57
MGB3 - - 5.78
bz 3.30 0.83 1.0 B
15
A
ADI5 42.90 10.0 10.0 Y
WEJe

AR I 55X S8 /N BB Y AE R ULk (R8s iz
tbEE ST . XFF SER, FAI1{# H KSUEmotion[23] %
gk, REAEEEM 23 ALUliE N IEE T 6 i R
e FARES M (3.30 /M) FF& (50 43
B AL (17N =AM, 2 X DID, 36477
AR 5 L IX 7 5 200 ADIS Bdlide . 1E
LR 1o X RUHES AL, FRATER T 2 H
[ Fatn——ASR I R% (WER), PAJ DID
A1 SER [WHERGE (Acc).

SRV KA 5 AT PR T AT



%2 BE AR £ ASR. SER 4o DID 1% 4% a4 b4t
AR LE M) B
(ETRMEAE),

yegg, L KA, S R)E, ST: S+Thin, AS:
SOTA T A 4 RAL Sk iHa KB | SH48 A K HUAE /7 3t B | 24 40 35 34T D1 45

B IR GRS F )

SER (HEfi% 1) | DID (EdTESE )

By (N 80016+ QASR F4)

| MGB2 MGB3 | KSU% | ADI5
FiHAR* | 1024 21.31 | 83.31% | 82.5%

SSL KA AR
HuBERT-L (3%3%) 22.6 51.2 91.92% 64.14%
XLS-R (%i5%) 92.60 51.80 73.32% 42.35%
FU-L (W5 FI4143%-369%) | 15.50 41.60 | 94.66% | 84.98%
R4 A 1000k AT 3485 44k

29-S (AS = 79.4%) 20.20 52.80 91.15% 70.84%
BINES-RUE (AS =93.7%) | 23.20 58.20 89.02% 69.77%
295-ST= (AS = 93.7%) 92.50 55.60 87.34% 61.64%

3. BIZEIIZES 8

#* 3 SSL AR R Hk ik . XR: XLS-R,
Hul: HuBERT-Large, H-L: HArnESS-Large, H-
S: HArnESS-Shallow, H-ST: HArnESS-Shallow

and Thin, Dim. dimension, Emb. : Embedding.

L. HArnESS-S #1 HArnESS-ST FZEMi0sE 3 fr
e FERTPUGEA T, AT T H 24 EHRW
HArnESS-L 22449, FRATHE 24 Bk H100 GPU L fif
Mz /P GPU 62.5 FhE i iy it & R/t
HArnESS-L &A1 47 TUII %, (LR TE A EfFa
TSR 23k /NI, 55— BRI T 50 7

fempt K B ER ARG E * & (B4 23) 89 ¥, Wﬁ%:{)\ﬁﬁUH%T 0% AER- AR

N o H, FRAMEA T 39 4Er) MFCC H#fiE, F M HH

A 1000 PR k-means TR JHIRE . X T4

e | XR_ gl HL HS HBHST CRRAMCEG yT R E R, eIk

- e B PR 0 RGBSR, B T 1000
BRSNS BT 25 AERER k-means PEFTERIOR A BUHIIREE .

Strdes 52,2,2,2,2,2 AT 3¢ fE i = 3 kAt AT T

el AR s HArnESS-S #1 HArnESS-ST #4244, X S62544 45

- HRAZERE Sy 1024 F1 512 F T ¥ ¥ DY )2 A%

Depth (1) 4 24w 4 4 , JEAR. FAMHE 8 B H100 GPU _Eff e GPU

Emb. Dim (dews) | 1024 1024 1024 1024 512 512 {22 75 M iR HE = /N HArmESS-S

PSS T i A,

B PGS 1100 /NasF, FF3E4T T 30 40

Dim. (d,) | 768 768 768 768 768 768 IZR. FATASE — Rk HAmESS-L fxJ5—

BY ANB A Z PR BURFE (BRE%L=1000) , FH-f %

&M [ 300 316 316 65 28 28 SEAREORYNZX AL, P, AT RAREX M5

BAC 1M 2: flif fairseq fURDEXT HAr-
nESS FRL AT T =B IIZ [24]. HAmESS-

B SR = UOE AR



91.15 = 91.00

w rand init
80 . W avg-sl init
U0t 68,16
60
40
20
0 .

20.20
=20

MGB2 (WER 1) KSUE (Accurac y 1) ADI5 (Accurac y 1)
. TestSets
(a) Weight Initialization
9115 90.24
attn, =16

80 - attn, =4
66,55

60

40

20

0
B
-20

MGB2 (WER {) KSUE (Accurac y 1) ADIS5 (Accurac! y 1)
Te

(b) Number of attention heads

——H-ST(512,16)

——H-ST(512,4,5PCA)

0 50000 100000 150000 200000

Sty
(c) Effect of dimension reduction of supervision signals

B 2 (a) B F 54 ME w45 LR ok b9 R F it
Mt (b) &AF attng, 89HRe; (c) BEATZP
WS (SPCA) &4 PCA #E (emby, attng.

3.4. TilENZs

X TFUHESS , FATHI SSL B A R
Ped, FUPPCHAER R T 5 R T A R .
FATHF PR SSL 2 SR BURIR AL T 7739 48
B R AR AL AL 2 45 T 45

3.4.1. DID 4= SER %2#

XTS5, AR T — MR HL CNN,
LG T HT HERIIALHI M 45 o %M 25 i =
ANESER IR CNN JZ A4 AW SSLAFE, A K
/NS, FFEEEH ReLU 343 RECRT 0.4 1 dropout
PASEERIZ AL AR T) - WIS N B R A, HE
—A FF ZIefkids bz . a2 m R e
W R 80, BB AR /NE 4 $EFT IR,
HiE 783k 10K 4.

3.4.2. BFHEZTIRA

XFT ASR ARG, AT T —1> G i 451
MER AL, e T A CTC AIyER k. *
Iifid st 52 conformer 555 IR 2 J2 trans-
former fFERGHE, B2 8 MERSLAN 2048 P2k
PEERIT. ASR BIRYIZET 70 A1 .

4. gk

5 B R SOTA KRl 5k B, FA1ER T
BTz fHiE ASR. DID[25] #1 SER B AY f i A
KT 3 2 g R, RS S5 i HArnESS
BLAUA HArnESS-L H AT 53 B A G A AR 1) 1]
Zimta], BA17E SER F1 DID by FIAE T 58
FIAEL X5 IR T IZ A A S e F & Ui AR
PEESERRE S . X T ASR T, S&u#
L J7 /N7 S BRI 25 Fanar ASR[26] AHLEL, X
i 300 /N MSA i) HArnESS #5453 ¥%

HArnESS-L %} Lb & Bl hi /fif ) SSLs HAr-
nESS I AAE i A BT H7 A0 15 AT 55 R # AL T Hu-
BERT #il XLS-R, J&/R 76 FHC 5GSBS
Bk, RERIZGIBTEL,, HArmESS-L B 372t
FHEEEF A, AT 2 EEHEEAR
5, HArnESS-S #1 HArnESS-ST B &AL T XLS-
R, RUIESE1 HAmESS thifi#e 5] 7R BUa
IR TR .

A G54 IR g BV R g X T IER =
3, FAMRER T AR B P A M AR T AT 55
PERERYSE N, JEULSRENNA AL (B 2), &
WIHEZ IR B, BTt VE AR/

W0 2%, HAmESS-S % HArnESS-L
ST T AR EERY R, R IR A& AT 55 AR
Fr T RAMERE. BT 28 S MIEiay, ik
T A PR A AR 55 P R, R T
TH4E. SR, 5 HAmESS-L AL, FRATIEE]
WER 41 T 4.7, SER #fEffi% F% T 3.51, DID
HERR T T 14.4, XRUIT 500022 HIE 8

“f#i i} ESPnet T.Hf1




() 2% HpASAS AN KT X 4, (75 DID AR 32550
RIS

BB SR H-S (attn = 16) J/ 5]
H-S*(attn = 4), FECTHIIMG 26.15% 254 £ 4
(SHEEM 65M /%) 48M) . B4R DID e
ZH| sk, {2 SER F1 WER. [ m{5R 1R
/N (B 2),

IR ALEE AR (R 4), FATWEENHDXT
F HAmESS-L, 7€ AS = 96.52% FE4 b T g
SURITRE, X T B R R, BE R
THAERE.

JEGE RS S M PERE 7 O TSR
RN, AT THES © = 3 WU
IHZE AL AP Y PCA 5 ARX M Y B £ 5 0E
FrEEEHIN N PCA M52k . 14 2 R T
PCA Hy MBS B FE G W 7 iR TR, D
> M 5 P T AR T DASRE w8 DI 20 [ B e
AR TR o

F 4 RREHNEEMGMERILIE ., AS: SR

A5 | emby=1024  emb,=512  emb,=256

MGB2 (WER 1) 20.2 93.20 922.3

KSUE (Acc 1) 91.15% 89.02% 79.42%

ADI5 (Acc 1) 70.84% 69.77% 53.41%

AS | 70.43% 91.14% 96.52%
5. &5

ARG, AN T HAmESS, X029
ASCABTRARE A O r) A BB SRR R, B
Pk R S WA €= [ R U B AR W =
W, BATRERBIAGER G FIR 485 3 2
(HEA) pyg e |, [RIB RS T R TR
EERIEE PR . ATERH{A5 ASR. SER Fl
DID {£:45 SRR, HAmESS 5% T st
1 e 5 B4 40 HuBERT A1 XLS-R 45 215 75 #k 2
R . g HArmESS Wi s —4
FAE M RE A BT Z Ve . RATRFR AL TAF
5¢ H W R R AR N BEER

(1]

(2]

(3]

(4]

(5]

(6]

7]

(8]

9]

(10]

(11]

(12]

[13]

14]

[15]

6. References

S. Chen, C. Wang, Z. Chen, Y. Wu, S. Liu, Z. Chen, J. Li,
N. Kanda, T. Yoshioka, X. Xiao et al., “Wavlm: Large-scale
self-supervised pre-training for full stack speech processing,”
IEEE Journal of Selected Topics in Signal Processing, pp.
1505-1518, 2022.

W.-N. Hsu, B. Bolte, Y.-H. H. Tsai, K. Lakhotia,
R. Salakhutdinov, and A. Mohamed, “Hubert: Self-
supervised speech representation learning by masked predic-
tion of hidden units,” IEEE/ACM transactions on audio,
speech, and language processing, pp. 3451-3460, 2021.

A. Baevski, W.-N. Hsu, Q. Xu, A. Babu, J. Gu, and M. Auli,
“Data2vec: A general framework for self-supervised learning
in speech, vision and language,” in International Conference
on Machine Learning. PMLR, 2022, pp. 1298-1312.

A. Mohamed, H.-y. Lee, L. Borgholt, J. D. Havtorn, J. Edin,
C. Igel, K. Kirchhoff, S.-W. Li, K. Livescu, L. Maalge
et al., “Self-supervised speech representation learning: A re-
view,” IEEE Journal of Selected Topics in Signal Processing,
vol. 16, no. 6, pp. 1179-1210, 2022.

Y.-A. Chung, Y. Zhang, W. Han, C.-C. Chiu, J. Qin,
R. Pang, and Y. Wu, “W2v-bert: Combining contrastive
learning and masked language modeling for self-supervised
speech pre-training,” in 2021 IEEE Automatic Speech Recog-
nition and Understanding Workshop (ASRU). IEEE, 2021,
pp. 244-250.

S. wen Yang, P.-H. Chi, Y.-S. Chuang, C.-I. J. Lai, K. Lakho-
tia, Y. Y. Lin, A. T. Liu, J. Shi, X. Chang, G.-T. Lin, T.-
H. Huang, W.-C. Tseng, K. tik Lee, D.-R. Liu, Z. Huang,
S. Dong, S.-W. Li, S. Watanabe, A. Mohamed, and H. yi Lee,
“Superb: Speech processing universal performance bench-
mark,” 2021.

A. Babu, C. Wang, A. Tjandra, K. Lakhotia, Q. Xu,
N. Goyal, K. Singh, P. von Platen, Y. Saraf, J. Pino et al.,
“Xls-r: Self-supervised cross-lingual speech representation
learning at scale,” in Proceedings of Interspeech, 2021.

J. Shi, D. Berrebbi, W. Chen, H.-L. Chung, E.-P. Hu, W. P.
Huang, X. Chang, S.-W. Li, A. Mohamed, H. yi Lee, and
S. Watanabe, “Ml-superb: Multilingual speech universal per-
formance benchmark,” 2023.

E. Storey, N. Harte, and P. Bell, “Language bias in self-
supervised learning for automatic speech recognition,” in
2024 IEEE Spoken Language Technology Workshop (SLT).
IEEE, 2024, pp. 37-42.

A. Ali, S. Chowdhury, M. Afify, W. El-Hajj, H. Hajj,
M. Abbas, A. Hussein, N. Ghneim, M. Abushariah, and
A. Alqudah, “Connecting Arabs: bridging the gap in dialec-
tal speech recognition,” Communications of the ACM, pp.
124-129, 2021.

H.-J. Chang, S.-w. Yang, and H.-y. Lee, “Distilhubert:
Speech representation learning by layer-wise distillation of
hidden-unit bert,” in ICASSP 2022-2022 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Process-
ing (ICASSP). IEEE, 2022, pp. 7087-7091.

Y. Lee, K. JANG, J. Goo, Y. Jung, and H.-R. Kim, “Fithu-
bert: Going thinner and deeper for knowledge distillation of
speech self-supervised learning,” in 23rd Annual Conference

of the International Speech Communication Association, IN-
TERSPEECH 2022. ISCA, 2022, pp. 3588-3592.

Y. Peng, Y. Sudo, S. Muhammad, and S. Watanabe, “Dphu-
bert: Joint distillation and pruning of self-supervised speech
models,” in Proceedings of the Annual Conference of the
International Speech Communication Association, INTER-
SPEECH, vol. 2023, 2023, pp. 62-66.

L. Zampierin, G. B. Hacene, B. Nguyen, and M. Ravanelli,
“Skill:  Similarity-aware knowledge distillation for speech
self-supervised learning,” arXiv preprint arXiv:2402.16830,
2024.

T. Ashihara, T. Moriya, K. Matsuura, and T. Tanaka, “Deep
versus wide: An analysis of student architectures for task-
agnostic knowledge distillation of self-supervised speech mod-
els,” in 23rd Annual Conference of the International Speech
Communication Assoctation, INTERSPEECH 2022, 2022.



[16]

[17]

18]

[19]

[20]

[21)

[22]

23]

[24]

[25]

[26]

R. Wang, Q. Bai, J. Ao, L. Zhou, Z. Xiong, Z. Wei,
Y. Zhang, T. Ko, and H. Li, “Lighthubert: Lightweight and
configurable speech representation learning with once-for-all
hidden-unit bert,” Proc. Interspeech 2022, pp. 1686—1690,
2022.

A. Baevski, Y. Zhou, A. Mohamed, and M. Auli, “wav2vec
2.0: A framework for self-supervised learning of speech repre-
sentations,” Advances in neural information processing sys-
tems, vol. 33, pp. 12449-12 460, 2020.

H. Mubarak, A. Hussein, S. A. Chowdhury, and A. Ali,
“QASR: QCRI Aljazeera Speech Resource. A Large Scale An-
notated Arabic Speech Corpus,” in Proc. of the 59th Annual
Meeting of the Association for Computational Linguistics
(ACL), C. Zong, F. Xia, W. Li, and R. Navigli, Eds. On-
line: Association for Computational Linguistics, 2021, pp.
2274-2285.

A. Ali, S. Vogel, and S. Renals, “Speech recognition challenge
in the wild: Arabic MGB-3,” in 2017 IEEE Automatic Speech
Recognition and Understanding Workshop (ASRU). IEEE,
2017, pp. 316-322.

V. Panayotov, G. Chen, D. Povey, and S. Khudanpur, “Lib-
rispeech: an asr corpus based on public domain audio books,”
in 2015 IEEE international conference on acoustics, speech
and signal processing (ICASSP), 2015, pp. 5206-5210.

R. Ardila, M. Branson, K. Davis, M. Henretty, M. Kohler,
J. Meyer, R. Morais, L. Saunders, F. M. Tyers, and G. Weber,
“Common voice: A massively-multilingual speech corpus,”
2020. [Online]. Available: https://arxiv.org/abs/1912.06670

G. Chen, S. Chai, G. Wang, J. Du, W.-Q. Zhang,
C. Weng, D. Su, D. Povey, J. Trmal, J. Zhang, M. Jin,
S. Khudanpur, S. Watanabe, S. Zhao, W. Zou, X. Li,
X. Yao, Y. Wang, Y. Wang, Z. You, and Z. Yan,
“Gigaspeech: An evolving, multi-domain asr corpus with
10,000 hours of transcribed audio,” 2021. [Online|. Available:
https://arxiv.org/abs/2106.06909

A. H. Meftah, M. A. Qamhan, Y. Seddiq, Y. A. Alotaibi,
and S. A. Selouani, “King saud university emotions corpus:
Construction, analysis, evaluation, and comparison,” IEEE
Access, vol. 9, pp. 54 201-54 219, 2021.

M. Ott, S. Edunov, A. Baevski, A. Fan, S. Gross, N. Ng,
D. Grangier, and M. Auli, “fairseq: A fast, extensible toolkit
for sequence modeling,” in Proceedings of NAACL-HLT
2019: Demonstrations, 2019.

A. Kulkarni and H. Aldarmaki, “Yet another model for
Arabic dialect identification,” in Proceedings of ArabicNLP
2023, H. Sawaf, S. El-Beltagy, W. Zaghouani, W. Magdy,
A. Abdelali, N. Tomeh, I. Abu Farha, N. Habash,
S. Khalifa, A. Keleg, H. Haddad, 1. Zitouni, K. Mrini, and
R. Almatham, Eds. Singapore (Hybrid): Association for
Computational Linguistics, Dec. 2023, pp. 435-440. [Online].
Available: https://aclanthology.org/2023.arabicnlp-1.37/

Fanar, U. Abbas, M. S. Ahmad, F. Alam, E. Altinisik,
E. Asgari, Y. Boshmaf, S. Boughorbel, S. Chawla,
S. Chowdhury, F. Dalvi, K. Darwish, N. Durrani, M. Elfeky,
A. Elmagarmid, M. Eltabakh, M. Fatehkia, A. Fragkopoulos,
M. Hasanain, M. Hawasly, M. Husaini, S.-G. Jung, J. K.
Lucas, W. Magdy, S. Messaoud, A. Mohamed, T. Mohiuddin,
B. Mousi, H. Mubarak, A. Musleh, Z. Naecem, M. Ouzzani,
D. Popovic, A. Sadeghi, H. T. Sencar, M. Shinoy, O. Sinan,
Y. Zhang, A. Ali, Y. E. Kheir, X. Ma, and C. Ruan,
“Fanar: An Arabic-Centric Multimodal Generative AI
Platform,” arzXiv:2501.13944, 2025. [Online]. Available:
https://arxiv.org/abs/2501.13944



	 介绍
	 HArnESS 模型
	 实验设置
	 预训练数据
	 下游任务和数据
	 预训练训练参数
	 下游训练
	 DID 和 SER 架构
	 自动语音识别


	 结果
	 结论
	 References

